We test a Wall Street investment strategy, "pairs trading," with daily data over 1962-2002. Stocks are matched into pairs with minimum distance between normalized historical prices. A simple trading rule yields average annualized excess returns of up to 11 percent for selffinancing portfolios of pairs. The profits typically exceed conservative transaction costs estimates. Bootstrap results suggest that the "pairs" effect differs from previously-documented reversal profits. Robustness of the excess returns indicates that pairs trading profits from temporary mis-pricing of close substitutes. We link the profitability to the presence of a common factor in the returns, different from conventional risk measures.
Introduction
Wall Street has long been interested in quantitative methods of speculation. One popular short-term speculation strategy is known as "pairs trading." The strategy has at least a twentyyear history on Wall Street and is among the proprietary "statistical arbitrage" tools currently used by hedge funds as well as investment banks. The concept of pairs trading is disarmingly simple. Find two stocks whose prices have moved together historically. When the spread between them widens, short the winner and buy the loser. If history repeats itself, prices will converge and the arbitrageur will profit. It is hard to believe that such a simple strategy, based solely on past price dynamics and simple contrarian principles, could possibly make money. If the U.S. equity market were efficient at all times, risk-adjusted returns from pairs trading should not be positive.
In this paper, we examine the risk and return characteristics of pairs trading with daily data over the period 1962 through December 2002. Using a simple algorithm for choosing pairs, we test the profitability of several straightforward, self-financing trading rules. We find average annualized excess returns of about 11 percent for top-pairs portfolios. While pairs strategies exploit temporary components of stock prices, we show that our profits are not caused by simple mean reversion as documented in the previous literature. We examine the robustness of our results to a wide variety of risk factors -including not only the widely used factors in the empirical literature but also potential low-frequency institutional factors such as bankruptcy risk.
In addition, we explore the robustness of our results to microstructure factors such as the bid-ask bounce, short-selling costs, and transactions costs. While some factors such as short-selling and transactions costs affect the magnitude of the excess returns, pairs trading remains profitable for reasonable assumptions over the sample period of study, as well as over a true out of sample test of four years. We interpret the results of our analysis as evidence in favor of profitable arbitrage in expectations that may accrue to market participants who possess relatively low transactions costs and the ability to short securities. We also find evidence that points to a systematic factor that influences the profitability of pairs trading over time. This unidentified latent risk factor has been relatively dormant recently. The importance of this risk factor is correlated with the returns to pairs trading, which is consistent with the view that the profits are a compensation to arbitrageurs for enforcing the "Law of One Price."
We argue that our results reveal something about the mechanism and performance of relative-price arbitrage activities in practice. This is potentially useful to researchers, because, despite considerable theory about market efficiency, economists have little empirical information about how efficiency is maintained in practice. In addition, despite the fact that hedge funds have attracted an increasing amount of investment capital over the past decade, the study of hedge fund strategies is in its infancy in the financial economics literature. This paper examines the risk and return characteristics of one widely practiced active trading strategy.
One natural question to ask is whether our results imply a violation of equilibrium asset pricing. While the documented profitability of the pairs trading rule is a robust result, it is not inconsistent with all pricing models. Indeed the reversion in relative values we find is consistent with a pricing model in prices developed and tested by Bossaerts (1988) . Thus our paper at the very least suggests that this class of models merits further empirical investigation.
The remainder of the paper is organized as follows. Section 1 provides some background on pairs trading strategy. The next section describes our methodology of constructing pairs and calculating returns. The empirical results are described in section 3, and section 4 provides conclusions and directions for future research.
Background of Pairs Trading

History
In the mid-1980's, the Wall Street quant Nunzio Tartaglia assembled a team of physicists, mathematicians and computer scientists to uncover arbitrage opportunities in the equities markets. Tartaglia's group of former academics used sophisticated statistical methods to develop high-tech trading programs, executable through automated trading systems, that took the intuition and trader's "skill" out of arbitrage and replaced it with disciplined, consistent filter rules. Among other things, Tartaglia's programs identified pairs of securities whose prices tended to move together. They traded these pairs with great success in 1987 -a year when the group reportedly made a $50 million profit for the firm. Although the Morgan Stanley group disbanded in 1989 after a couple of bad years of performance, pairs trading has since become an increasingly popular "market-neutral" investment strategy used by individual and institutional traders as well as hedge funds. The increased popularity of quantitative-based statistical arbitrage strategies has also apparently affected profits. In a New York Times interview, David Shaw, head of one of the most successful modern quant shops and himself an early Tartaglia's protégé, suggests that recent pickings for quant-shops have become slim -he attributes the success of his firm, D.E. Shaw, to early entry into the business. Tartaglia's own explanation for pairs trading is psychological. He claims, that "…Human beings don't like to trade against human nature, which wants to buy stocks after they go up not down.
1 " Could pairs traders be the disciplined investors taking advantage of the undisciplined over-reaction displayed by individual investors? This is at least one possible -albeit psychological -explanation for our results, which is consistent with Jegadeesh and Titman's (1995) finding that contrarian profits are in part due to over-reaction to company-specific information shocks rather than price reactions to common factors.
Data Snooping and Market Response
In our study we have not searched over the full strategy space to identify successful trading rules, but rather we have interpreted practitioner description of pairs trading as straightforwardly as possible. Our rules follow the general outline of first "find stocks that move together," and second "take a long-short position when they diverge and unwind upon convergence." A test requires that both of these steps must be parameterized in some way. How do you identify "stocks that move together?" Need they be in the same industry? Should they only be liquid stocks? How far do they have to diverge before a position is put on? When is a position unwound? We have made some straightforward choices about each of these questions.
We put positions on at a two-standard deviation spread, which might not always cover transactions costs even when stock prices converge. Although it is tempting to try potentially more profitable schemes, the danger in data-snooping refinements outweigh the potential insights gained about the higher profits that could result from learning through testing 2 .
As with all filter rules using historical asset pricing data, data-snooping is a potential concern. One approach to the data snooping issue is to test the results out-of-sample. We completed and circulated the first draft of the working paper in 1999, using data through the end of 1998. The time lag between the first analysis and the present study gives us an ideal hold-out sample. Using the original model, but the post 1988 data, we found that over the [1999] [2000] [2001] [2002] period, the excess return of the fully invested portfolio of the top twenty pairs averaged 10.4 percent per annum, with an annual standard deviation of 3.8% and a large and significant Newey-West-adjusted t-statistic of 4.82 -consistent with the long-term, in-sample results of our original analysis. We were careful not to adjust our strategy from the first draft to the current draft of the paper, to avoid data-snooping criticisms. Not only does this additional four-year sample suggest that the results were not simply an artifact of the earlier sample period, over which pairs-trading was known to be popular, but it also suggests that the public dissemination of the results has apparently not affected the general risk and return characteristics of the strategy, despite curiosity from the professional sector.
Relative Pricing
Asset pricing can be viewed in absolute and relative terms. Absolute pricing values securities from fundamentals such as discounted future cash flow. This is a notoriously difficult process with a wide margin for error. Papers by Bakshi and Chen (1997) and Lee et al. (1997) , for example, are heroic attempts to build quantitative value investing models. Relative pricing is only slightly easier. Relative pricing means that two securities that are close substitutes for each other should sell for the same price -it does not say what that price will be. Thus, relative pricing allows for bubbles in the economy, but not necessarily arbitrage or profitable speculation.
The Law of One Price [LOP] -and a "near-LOP" is applicable to relative pricing -even if that price is wrong. Ingersoll (1987) defines the LOP as the "proposition ... that two investments with the same payoff in every state of nature must have the same current value." In other words, two securities with the same prices in all states of the world should sell for the same amount. Chen and Knez (1995) extend this to argue that "closely integrated markets should assign to similar payoffs prices that are close." They argue that two securities with similar, but not necessarily matching payoffs across states should have similar prices. This is of course a weaker condition, and subject to bounds on prices for unusual states, however it allows the examination of "nearefficient" economies, or in Chen and Knez' case, near integrated markets. Notice that this theory corresponds to the desire to find two stocks whose prices move together as long as we can define states of nature as the time-series of observed historical trading days.
We use an algorithm to choose pairs based on the criterion that they have had the same or nearly the same state prices historically. We then trade pairs whose prices closely match in historical state-space, since the LOP suggests that in an efficient market, their prices should be nearly identical. In this framework, the current study can be viewed as a test of the LOP and near-LOP in the U.S. equity markets, under certain stationarity conditions. We are effectively testing the integration of very local markets -the markets for specific individual securities. This is similar in spirit to Bossaerts' (1988) test of co-integration of security prices at the portfolio level. We further conjecture that the marginal profits to be had from risk arbitrage of these temporary deviations is crucial to the maintenance of first-order efficiency. We could not have the first effect without the second.
Co-integrated Prices
The pairs trading strategy may be justified within an equilibrium asset-pricing framework with non-stationary common factors like Bossaerts and Green (1989) and Jagannathan and Viswanathan (1988) . If the long and short components fluctuate with common non-stationary factors, then the prices of the component portfolios would be co-integrated and the pairs trading strategy would be expected to work. Evidence of exposures to common non-stationary factors would support a non-stationary factor pricing framework.
The space of normalized, cum-dividend prices, i.e. cumulative total returns with dividends re-invested, is the basic space for the pairs trading strategies in this paper. The main observation about our motivating models of the CAPM-APT variety is that they are known to imply perfect collinearity of prices, which is readily rejected by the data. On the other hand, Bossaerts (1988) finds evidence of price co-integration for the US stock market. We would like to keep the notion of the empirically observed co-movement of prices, without unnecessarily restrictive assumptions, hence we proceed in the spirit of the co-integrated prices literature.
More specifically, our matching in price space can be interpreted as follows. Suppose that prices obey a statistical model of the form,
where it denotes a weakly dependent error in the sense of Bossaerts (1988) . Assume also that p it is weakly dependent after differencing once. Under these assumptions, the price vector p t is cointegrated of order 1 with co-integrating rank r = n-k , in the sense of Engle and Granger (1987) and Bossaerts (1988) . Thus, there exist r linearly independent vectors { q } q=1.. r such that z q = q`pt are weakly dependent. In other words, r linear combinations of prices will not be driven by the k common non-stationary components p l . Note that this interpretation does not imply that the market is inefficient, rather it says that certain assets are weakly redundant, so that any deviation of their price from a linear combination of the prices of other assets is expected to be temporary and reverting.
To interpret the pairs as co-integrated prices, we need to assume that for n » k, there are co-integrating vectors which have only two nonzero coordinates. In that case the sum or difference of scaled prices will be reverting to zero and a trading rule could be constructed to exploit the expected temporary deviations. Our strategy relies upon exactly this conclusion. In principle one could construct trading strategies with trios, quadruples, etc. of stocks, which would presumably capture more co-integrated prices and would yield better profits.
The assumption that a linear combination of two stocks can be weakly dependent may be interpreted as saying that a co-integrating vector can be partitioned in two parts, such that the two corresponding portfolios are priced within a weakly dependent error of another stock.
Given the large universe of stocks, this statement is always empirically valid and provides the basis of our formation procedure 3 . However, it is important to recognize the possibility of spuriously correlated prices, which are not de-facto co-integrated.
Bankruptcy Risk
The risk of bankruptcy is one reason why the returns on individual securities cannot be taken as stationary. Sensitivity of the pairs trading to the default premium suggests that the strategy may work because we are pairing two firms, the first of which may have a constant or decreasing probability of bankruptcy (short end), while the second may have a temporarily increasing probability of bankruptcy (long end). The "surprise improvements" in the short end are then followed by improvement in the long end if that stock survives. In other words, the source of the profit is the improving ex-post (non)realization of idiosyncratic bankruptcy risk in the long (loser) stock. In such case, we would expect to have asymmetry in the profits from the long and the short components, with most of the profits coming from the long end 4 . We test long and short positions separately to see if this is driving our results.
Methodology
Our implementation of pairs trading has two stages. We form pairs over a twelve-month period (formation period) and trade them in the next six-month period (trading period). Both twelve months and six months are chosen arbitrarily and have remained our horizons since the beginning of the study.
Pairs Formation
In each pairs-formation period, we screen out all stocks from the CRSP daily files that have one or more days with no trade. This serves to identify relatively liquid stocks as well as to facilitate pairs formation. Next, we construct a cumulative total return index for each stock over the formation period. We then choose a matching partner for each stock by finding the security that minimizes the sum of squared deviations between the two normalized price series. Pairs are thus formed by exhaustive matching in normalized daily "price" space, where price includes reinvested dividends.
We use this approach because it best approximates the description of how traders themselves choose pairs. Interviews with pair traders suggest that they try to find two stocks whose prices "move together." In addition to "unrestricted" pairs, we will also present results by sector, where we restrict both stocks to belong to the same broad industry categories defined by Standard & Poors: Utilities, Transportation, Financial and Industrials. Each stock is assigned to one of these four groups, based on the stock's SIC code. The minimum-distance criterion is then used to match stocks within each of the groups.
Trading Period
Once we have paired up all liquid stocks in the formation period, we study the top 5 and 20 pairs with the smallest historical distance measure, in addition to the 20 pairs after the top 100
(pairs 101-120). This last set is valuable because most of the top pairs share certain characteristics, which will be described in detail below. On the day following the last day of the pairs formation period, we begin to trade according to a pre-specified rule. pair is delisted from CRSP, we close the position in that pair, using the delisting return, or the last available price 5 . We report the payoffs by going one dollar short in the higher-priced stock and one dollar long in the lower-priced stock.
Excess Return Computation
Because pairs may open and close at various points during the six-month trading period, during a trading interval is computed as the reinvested payoffs during the trading interval 6 . In particular, the long and short portfolio positions are marked-to-market daily. The daily returns on the long and short positions are calculated as value-weighted returns in the following way,
i P w i,t
where r defines returns and w defines weights, and the daily returns are compounded in order to obtain monthly returns. This has the simple interpretation of a buy-and-hold strategy.
We We initiate the pairs strategy by trading the pairs at the beginning of every month in the sample period, with the exception of the first twelve months, which are needed to estimate pairs for the strategy starting in the first month. The result is a time series of overlapping six-month trading period excess returns. We correct for the correlation induced by overlap by averaging monthly returns across trading strategies that start one month apart as in Jegadeesh and Titman (1993) . The resulting time series has the interpretation of the payoffs to a proprietary trading desk, which delegates the management of the six portfolios to six different traders whose formation and trading periods are staggered by one month. Table 1 summarizes the excess returns for the pairs portfolios that are unrestricted in the sense that the matching stocks do not necessarily belong to the same broad industry categories.
Empirical Results
Strategy Profits
In section 3.5 we will consider sector-neutral pairs strategies. Panel A summarizes the excess returns of pairs strategies when positions are opened at the end of the day that prices diverge, and closed at the end of the day of price convergence. The first row shows that a fully-invested portfolio of the five best pairs earned an average excess monthly return of 1.31% (t-statistic = 8.84), and a portfolio of the twenty best pairs 1.44% per month (t = 11.56). Using the more conservative approach to computing excess returns, using committed capital, gives excess returns of 0.78% and 0.81% per month respectively. Either way, these excess returns are large in an economical and statistical sense, and suggest that pairs trading is profitable.
The remainder of Panel A provides information about the excess return distributions of pairs portfolios. There are diversification benefits from combining multiple pairs in a portfolio.
As the number of pairs in a portfolio increases, the portfolio standard deviation falls. The diversification benefits are also apparent from the range of realized returns. Interestingly, as the number of pairs in the strategy increases the minimum realized return increases, while the maximum realized excess return remains relatively stable. During the full sample period of 474 months, a portfolio of 20 pairs experienced 71 monthly periods with negative payoffs, compared to 124 months for a portfolio of 5 pairs. The decrease in the standard deviation, and the increase of the lower end of the return distribution is also reflected in an increased skewness coefficient.
Since pairs trading is in essence a contrarian investment strategy, the returns may be biased upward due to the bid-ask bounce (Jegadeesh (1990) , Jegadeesh and Titman (1995) , Conrad and Kaul (1989) ). In particular, our strategy sells stocks that have done well relative to their match and buys those that have done poorly. Part of any observed price divergence is potentially due to price movements between bid and ask quotes: conditional on divergence, the winner's price is more likely to be an ask quote and the loser's price a bid quote. In Panel A we have used these same prices for the start of trading and our returns may be biased upward due to the fact that we are implicitly buying at bid quotes (losers) and selling at ask quotes (winners).
The opposite is true at the second crossing (convergence): part of the drop in the winner's price can reflect a bid quote, and part of the rise of the loser's price -an ask quote.
To address this issue, Panel B of Table 1 provides the excess returns when we initiate positions in each pair on the day following the divergence and liquidate on the day following the crossing. The average excess returns on the fully-invested portfolios and on committed capital drop by about 30-55 and 20-35 basis points respectively. While the excess returns remain significantly positive, the drop in excess returns suggests that a non-trivial portion of the profits in Panel A may be due to bid-ask bounce. It is difficult to quantify which portion of the profit reduction is due to bid-ask bounce and which portion stems from true mean reversion in prices due to rapid market adjustment. None-the-less, this difference raises questions about the economic significance of our results when we include transactions costs. We will return to a detailed discussion of this issue in section 3.3. Unless stated otherwise, the remainder of the paper will report results for pairs strategies that open (close) on the day following divergence (convergence). Table 2 Table 2 describes the composition of the pairs in terms of market capitalization and industry membership. In terms of size, the average stock in the top 5 and top 20 pairs belongs to the second and third deciles from the top; 74% of the stocks in the top 20 pairs belong to the top three size deciles using CRSP breakpoints, and 91% come from the top five size deciles. About two-thirds of the pairs combine stocks from different size deciles (i.e.
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"size mixed pairs"), and the stocks in mixed pairs differ on average by a single decile.
The remainder of Panel B gives a breakdown of the pairs by industry composition. On average, 71% of the stocks in the top 20 pairs are utility stocks, despite the fact that Utilities represent a fairly small proportion of the stocks in the whole sample. This is not surprising perhaps, because utility stocks tend to have lower volatility and tend to be correlated with interest rate innovations. The strategy does not always match stocks within sectors. The percentage of mixed sector pairs ranges from 20 per cent for the top 5 pairs to 44 per cent for pairs 101-120. Given the predominance of utilities among the top pairs, it is fair to ask whether the profitability of pairs trading profitability is limited to the utility sector, or whether pairs strategies are also profitable in other sectors of the market. We address this question in section 3.5. Table 1 shows that the average monthly excess return of unrestricted pairs strategies falls from 1.44%, for the top-20 portfolio, to 0.90% per month if we postpone the trades to the day following the crossing. This drop in the excess returns implies an estimate of the average bid-ask spread and hence the transactions costs of trading in the sample. While actual transactions costs may be different, it is informative to know whether the trading profits are large enough to survive this estimate of transactions costs.
Transactions costs
Suppose the extreme case where the prices of the winner at the first crossing (divergence)
are ask prices and the loser are bid prices. If the next day prices are equally likely to be at bid or ask the delaying trades by one day will reduce the excess returns on average by half the sum of the spreads of the winner and the loser. If at the second crossing (convergence) of the pairs the winners is trading at the bid, and the loser at the ask, waiting one day will reduce the excess returns on average again by one half of the sum of the bid-ask spreads of both stocks. In this extreme case, waiting a day before trading reduces the return on each pair by the round-trip transactions costs in that pair. Because we trade each pair on average 2 times during the sixmonth trading interval, the drop in the excess returns of 324 basis points per six-months by waiting one day reflects the cost of 2 round-trips, which implies a transactions costs of 162 bp per pair per round-trip. This may be interpreted as an estimated effective spread of 81 bp. The effective spread for the all-pairs portfolio is 70 bp. This indirect estimate is higher than the transactions costs reported by Peterson and Fialkowski (1994) , who find that the average effective spread for stocks in the CRSP database in 1991 was 37 basis points, and is consistent with the trading costs estimated by Keim and Madhavan (1997) . Since 91% of the stocks in the top 20 pairs belong to the top 5 deciles of CRSP stocks, it is possible that the effective spread is even lower that 37 bp.
Do our trading strategies survive these transactions costs? The profits on our trading strategies in Table 1 range from 437 to 549 basis points over a six-month period. If the prices used to compute these excess returns are equally likely to be at bid or ask, which seems a reasonable assumption, we have to correct these excess returns to reflect that in practice we buy at the ask and sell at the bid prices. In other words, we have to subtract the round-trip trading costs to get an estimate of the profits after transactions costs. There is a second reason why our trading strategies require "too much" trading. We open pairs at any point during the trading period when the normalized prices diverge by two standard deviations. This is not a sensible rule towards the end of a trading interval. For example, suppose a divergence occurs at the next to last day of the trading interval. The convergence has to be substantial in order to overcome the transactions cost that will be incurred when we close out the position on the next day (the last day of the trading interval). Unreported results suggest that this is also an important source of excess trading.
Pairs trading by industry group
The pairs formation process thus far has been entirely mechanical. A computer stock has the opportunity to match with a steel firm, and a utility with a bank stock. This does not mean that these matches are likely. As shown in Table 2 , the fraction of mixed pairs is typically well below 50 percent. Common factor exposures of stocks in the same industry will make it more likely to find a match within the same sector. Also, firms that are in industries where cross- The results are summarized in Table 3 . As in Table 1, over a one-month period. Table 3 also gives a more detailed picture of the return distributions and trading characteristics of the pairs trading strategies by sector. It shows that the excess return distributions of the sector pairs portfolios are generally skewed right and exhibit positive excess kurtosis relative to a normal distribution. The conclusion from these Tables is that pairs trading is profitable in every broad sector category, and not limited to a particular sector.
The Risk Characteristics of Pairs Trading Strategies.
To provide further perspective on the risk of pairs trading, Table 4 compares the risk premium of pairs trading to the market premium (SP500), and reports the risk-adjusted returns to pairs trading using two different models for measuring risk. Table 5 summarizes value-at-risk measures for pairs portfolios.
The top part of Table 4 compares the excess return to pairs trading to the excess return on the SP500. Between 1963 and 2002, the average excess return to pairs trading has been about twice as large as the excess return of the SP500, with only one half to one third of the risk as measured by standard deviation. As a result, the Sharpe Ratios of pairs trading are between 4 and 6 times larger than the Sharpe Ratio of the market. Goetzmann et al. (2002) show that Sharpe
Ratios can be misleading when return distributions have negative skewness. This is unlikely to be a concern for our study, because our Table 1 showed that the returns to pairs portfolios are positively skewed, which -if anything -would bias our Sharpe ratios downward.
In order to explore the systematic risk exposure of the pairs portfolios, we regress their monthly excess returns on the three factors of Fama and French (1996) , augmented by two additional factors. The motivation for the additional factors is that pairs strategies invest based on the relative strength of individual stocks. It is therefore possible that pairs trading simply exploits patterns in returns that are known to earn significant profits. For example, Jegadeesh (1990) and Lehmann (1990) show that reversal strategies that select stocks based on prior onemonth return earn positive abnormal returns. We control for this possibility by constructing a short-term reversal factor measured as the excess return of stocks in the top 3 deciles of priormonth return minus the return on stocks in the bottom three deciles 8 . If pairs strategies sell short-term winners, and buy short-term losers, we expect the exposures of pairs portfolios to be positive to the reversal factor. The second additional factor controls for exposure to mediumterm return continuation (Jegadeesh and Titman (1993) ). To the extent that pairs trading sells medium-term winners, and buys medium-term losers, the pairs excess returns will be negatively correlated with momentum. To examine this possibility, we include a momentum factor in our risk model that is constructed along the lines of Carhart (1997) . Table 4 shows that only a small portion of the excess returns of pairs trading can be attributed to their exposures to the five risk factors. The intercepts of the regressions show that risk-adjusted returns are significantly positive, and lower than the raw excess returns by about 10-20 bp per month. Because pairs strategies are market-neutral, the exposures to the market are small and with one exception insignificant. Exposures to the other two FF factors, the difference between small and big stocks (SMB), and the difference between value and growth stocks (HML), are not significant and the point estimates alternate in sign. The exposures to momentum and reversals have the predicted signs, and more than half are statistically significant.
As can be expected, some of the winner stocks that a pairs strategy shorts are short-term winners while others are medium-term winners. Similarly, the losers are evenly divided between shortterm and medium-term losers. Overall the exposures are not large enough to explain the average returns to pairs trading. The significance of the risk-adjusted returns indicates that pairs trading is fundamentally different from simple contrarian strategies based on reversion (Jegadeesh (1990) and Lehmann (1990) ). The next sections provide further evidence to support this view.
The bottom of Table 4 shows the results of regressing the pairs returns on an alternative set of risk factors suggested by Ibbotson: the excess return on the S&P 500, the U.S. small stock premium, the U.S. bond default premium and the U.S. bond horizon premium. Although the risk exposures are generally not significant, the signs of coefficients are positive across all portfolios.
Thus, when corporate bonds increase in price relative to government bonds, the pairs portfolios make money. There are a range of possible explanations for this pattern. Relatively cheaper borrowing rates by arbitrageurs may force stock prices closer to equilibrium values, or common factors affecting convergence in both stock and bond markets may be responsible. The portfolios also appear to be sensitive to shifts in the yield curve, i.e. when long-term spreads decrease, pairs trading is more profitable. At first glance, the sensitivity to term-structure measures may be explained by the presence of interest rate sensitive Utility stocks in many of the top pairs. However, interest rate movements also seem to matter for the more broadly diversified pairs portfolios. In sum, the pairs portfolios seem to have low exposure to various sources of systematic risk. The R-squared of most regressions is low, indicating that the portfolios are nearly factor-neutral. This may be expected since they are constructed in a way that should essentially match up economic substitutes. On average, once every hundred days did these portfolios lose more than 1.24 % and 0.65 % respectively.
The VAR is useful because it provides a gauge to the potential leverage that could be applied to these strategies. A five-to-one leverage ratio applied to the top 5 pairs would appear to have been adequate to cover the worst monthly loss in the 40-year period. Although the lessons of recent history have taught us not to rely too heavily on historical VAR measures for gauging capital needs for exploiting convergence strategies, the pairs portfolios seem to be exposed to relatively little risk. together decreased the rate of return on pairs trading, at least in the simple form we test in this paper. In section 3.8 we will revisit this issue, and show that in contrast to the raw returns, the risk-adjusted return to pairs trading has been relatively stable over time.
Pairs trading and contrarian investment
Because pairs trading bets on price reversals, it is an example of a contrarian investment strategy. The results of Table 4 showed that the returns to pairs are positively correlated with -but not explained by -short-term reversals documented by Lehmann (1990) and Jegadeesh(1990) . In this section we further explore whether our pairs trading strategies are merely a disguised way of exploiting these previously documented negative autocorrelations.
In particular, we conduct a bootstrap where we compare the performance of our pairs to random pairs. The starting point of the bootstrap is the set of historical dates on which the various pairs open. In each bootstrap we replace the actual stocks with two random securities with similar prior one-month returns as the stocks in the actual pair. Similarity is defined as coming from the same decile of previous month's performance. The difference between the actual and the simulated pairs returns provides an indication of the portion of our pairs return that is not due to reversion. We bootstrapped the entire set of trading dates 200 times. The results are summarized in Table 6 . On average we find that the returns on the bootstrapped pairs are well below the true pairs returns. In fact, the excess returns to the simulated pairs are slightly negative, and the standard deviations of the returns are large relative to the true pairs, which is a reflection of the fact that the simulated pairs are poorly matched. The conclusion from the simulations confirms the conclusion from the factor regressions, that the pairs strategy does not merely reflect onemonth mean reversion. In addition, in the next section, we will show that the long and short portfolios that make up a pair do not provide equal contributions to the profitability of the strategy. These three findings combined strongly suggest that our pairs trading strategy seems to capture temporal variation in returns that is different from simple mean reversion.
Risk and Return of the Long and Short Positions
There are at least three reasons to separately examine the returns to the long and short portfolios that make up a pairs position. First, the separate returns provide further insight into the question of mean reversion. If pairs trading simply exploits mean reversion, one would expect the abnormal returns to the long and short positions to be equal because the opening of a pair is equally likely to be triggered by either stock. Second, if the excess returns are predominantly driven by the short position, it becomes important to examine whether short-sale considerations might prevent arbitrageurs from competing away the profits. Finally, the risk exposures of the two portfolios can provide further clues at to the reason for the profitability of pairs -or example the possibility that the long and short portfolios have different exposures to common nonstationary risk factors such as bankruptcy risk 9 . The returns and the risk exposures of the component portfolios are summarized in Table 7 .
The Table shows that much of the pairs risk-adjusted excess return comes from the short portfolio, which contains the stocks that have increased in value relative to their counterparts prior to opening of the pair. By contrast, the alphas of the long portfolio containing the stocks that decreased in value relative to their counterparts are smaller, and insignificantly different from zero for the top-5 and top-20 portfolios. The asymmetry of the results provide further evidence that the returns to pairs are not due to simple one-month mean reversion. And because much of the abnormal return comes from the short position, which experienced an increase in relative value prior to opening, it is unlikely that the returns are driven by a reward for unrealized bankruptcy risk. The robustness of our results to the cost of short sales will be discussed in section 3.9. These results suggest that there is common component to the profits of pairs portfolios that is not captured by our conventional measures of systematic risk. The common component was stronger during the first half of our sample, which is consistent with higher profits (abnormal returns) than in the second half of our sample when the factor was more dormant. These results are consistent with the view that the abnormal returns documented in this paper are indeed a compensation for risk, in particular the reward to arbitrageurs for enforcing the "Law of One Price".
Sub-period Analysis and the Presence of a Dormant Risk Factor
9 Robustness to Short-selling costs
Having identified and back-tested a filter rule, and subjected it to a range of controls for risk, the question of the nature of pairs profits remains. Why do prices of close economic substitutes diverge and converge? The convergence is easier to understand than the divergence, given the natural arbitrage motivation, and the documented existence of relative-value arbitrageurs in the U.S. equity market. However, this does not explain why prices drift away from parity in the first place. One possible explanation is that prices diverge on random liquidity shocks that cannot be exploited by professional arbitrageurs due to short-selling costs 10 .
First, there are explicit short-selling costs in the form of specials. Second, D'Avolio (2002) argues that short recalls are potentially costly because they may deprive arbitrageurs of their profits. This opportunity cost is reinforced by D'Avolio's findings that short recalls are more common as the price declines. For example, if the short stock is recalled when it starts to converge downward, then the pair position is forced to close prematurely and the arbitrageur does not capturing the profit from the pair convergence. We perform two tests for robustness of the profits that corresponds to these two types of short-selling costs.
The first test is motivated by the findings of D'Avolio (2002) and Getczy et al. (2002) that specials have minimal effect of large stocks. Correspondingly, we test for robustness of profits by trading pairs that are formed using only stocks in the top three size deciles 11 . The results, given in Panel A of Table 9 , can be directly compared to those in Panel B of Table 1 . The comparison shows that the profits of the top-20 strategy drop by about 2 basis points per month, but increase for the top 5 portfolio. Overall, the profits change little and remain highly significant. This shows that the pairs trading profits are not driven by illiquid stocks that are likely to be on special.
The second test is motivated by the evidence in Chen et al. (2002) and D'Avolio (2002) that short recalls are driven by dispersion of opinion. We use high volume as proxy for divergence of opinion and perform pairs-trading under recalls, where we simulate recalls on the short positions, and subsequent closing of the pair position, on days with high volume. High volume days are defined as days on which daily volume exceeds average daily volume over the 18months (both split-adjusted) by more than one standard deviation. Panel B of Table 9 shows the profits of pairs trading with the high volume recalls. The profits decline slightly by 4-13bp per month, yet they remain large and positive. For example, the top 20 pairs portfolio earns an average of 85bp per month with short recalls, with a Newey-West t-statistic of 9.07. The results in Panel B can be interpreted as an estimate of the opportunity cost of short recalls.
Overall, the small effects confirm that the profits persist when trading pairs of large stocks as well as when shorts are recalled. These results show that pairs trading profits are robust to short-selling costs. For better-positioned investors, e.g. large institutions and hedge funds, the pairs trading profits are likely to remain essentially unaffected by potential shorting costs. Geczy et al. (2002) argue that for large traders, who have better access to most stocks at "wholesale prices," direct shorting costs of the rebate rate on short sales are low (4 to 15 bp/year). The main implicit shorting cost stems from limited availability and is relevant mostly for general retail investors. The impact of such potential short sales constraints on the profitability of pairs trading by large investors is mitigated by our use of liquid stocks that trade every day over a period of one year.
Conclusion
We examine a hedge fund equity trading strategy based on the notion of co-integrated prices in a reasonably efficient market, known on Wall Street as pairs trading. Pairs are stocks which are close substitutes according to a minimum distance criterion using a metric in price space. We find that trading suitably formed pairs of stocks exhibits profits, which are robust to conservative estimates of transaction costs. These profits are uncorrelated to the S&P 500, however they do exhibit low sensitivity to the spreads between small and large stocks and between value and growth stocks in addition to the spread between high grade and intermediate grade corporate bonds and shifts in the yield curve. In addition to risk and transactions cost, we rule out several explanations for the pairs trading profits, including mean-reversion as previously documented in the literature, unrealized bankruptcy risk, and the inability of arbitrageurs to take advantage of the profits due to short-sale constraints.
One view of the lower profitability of pairs trading in recent year is that returns are competed away by increased hedge fund activity. The alternative view, taken in this paper, is that abnormal returns to pairs strategies are a compensation to arbitrageurs for enforcing the "Law of One Price". We present two pieces of empirical evidence that supports this view. First, while raw returns have fallen the risk-adjusted returns have continued to persist despite increased hedge fund activity. Second, our results suggest that the change in risk-adjusted returns of pairs trading is accompanied by the diminished importance of a common factor that drives the returns to pairs strategies. A further examination of the nature of this common factor and its link to the profitability of pairs trading is an important question for future research. 2 Froot and Dabora (1999) consider "twin" stocks that trade in different international markets to examine issues of market integration.
3 Note that the case n » k corresponds to the standard finance paradigm where in the large universe of n stocks, expected returns are driven by a few, namely k common factors. This paradigm is supported by existing empirical work, e.g. see Connor and Korajczyk (1993) for references, which generally finds less than ten common non-stationary components. 4 We thank an anonymous referee for this example.
5 The profits are robust with respect to this delisting assumption. A potential problem arises if inaccurate and stale prices exaggerate the excess returns and bias the estimated return of a long position in a plummeting stock. To address this potential concern we have re-estimated our results under the extreme assumption that a only a long stock experiences a -100% return when it is delisted. This zero-price extreme includes among other things, the possibility of non-trading due to lack of liquidity. Since selective loss on the long position always harms the pair profit, this extreme assumption biases the results against profitability. However, pairs trading remains profitable under this alternative: for example, the average monthly return on the top-20 pairs portfolio is 1.32% with a standard deviation of 1.9%.
6 This is a conservative approach to computing the excess return, because it implicitly assumes that all cash earns zero interest rate when not invested in an open pair. Because any cash flow during the trading interval is positive by construction, it ignores the fact that these cash flows are received early, and understates the computed excess returns. 7 The optimal trigger point in terms of profitability may actually be much higher than 2 standard 36 deviations, although we have not experimented to find out. 8 The construction is similar to Carhart's (1997) momentum factor, but the performance-sorting horizon here is one month. 9 We thank a referee for suggesting this explanation. 10 We are grateful to the editor Maureen O'Hara for pointing out this plausible explanation and for suggesting the way to test it.
11 Using large liquid stocks also mitigates the problem of stocks that are hard to short and can be overvalued, see e.g. Jones and Lamont (2002) . We trade according to the rule that opens a position in a pair at the end of the day that prices of the stocks in the pair diverge by two historical standard deviations (Panel A). The results in Panel B correspond to a strategy that delays the opening of the pairs position by one day. All pairs are ranked according to least distance in historical price space. The "top n"
portfolios include the n pairs with least distance measures, and the portfolio "101-120" studies the twenty pairs after the top 100.
The average number of pairs in the All pairs portfolio is 2057. The t-statistics are computed using a Newey-West standard errors with 6-lag correction. Absolute kurtosis is reported. The U.S. Small stock premium is the monthly geometric difference between small company stock total returns and large company stock total returns. U.S. bond default premium is the monthly geometric difference between total return to long-term corporate bonds and long term government bonds. The U.S. bond horizon premium is the monthly geometric difference between investing in long term government bonds and U.S. treasury bills. t-statistics are in parentheses below the coefficients and are computed using Newey-West standard errors with 6 lags. are formed over a 12 month period according to a minimum distance criterion, and then traded over the subsequent 6 month period. We trade according to the rule that opens a position in a pair on the day following the day on which the prices of the stocks in the pair diverge by two historical standard deviations. The "top n" portfolios include the n pairs with least distance measures, and the portfolio "101-120" studies the twenty pairs after the top 100. The average number of pairs in the all-pair portfolio is 2057. 1989 -12/2002 . The "top n" portfolios include the n pairs with least distance measures, and the portfolios "20 after top 100" has the pairs after the top 100 pairs. The average number of pairs in the allpair portfolio is 2057. The t-statistics are computed using Newey-West correction with six lags for the standard errors. I Summary statistics of the monthly excess returns on portfolios of pairs. We trade according to the rule that opens a position in a pair when the prices of the stocks in the pair diverge by two historical standard deviations. Panel B reports the summary statistics for the rule that waits one-day before opening and closing the position. The "top n" portfolios include the n pairs with least distance measures, and the portfolios "20 after top 100" has the pairs after the top 100 pairs. The average number of pairs in the all-pair portfolio is 2057. There are 474 monthly observations, from 7/1963 until 12/2002. The t-statistics are computed using the NeweyWest standard errors with 6-lag correction. Absolute kurtosis is reported.
